Purpose: This study was conducted to investigate the potential of interactance mode of NIR spectroscopy technology for the estimation of soluble solids content (SSC) and firmness of muskmelons. Methods: Melon samples were taken from local greenhouses in three different harvesting seasons (experiments 1, 2, and 3). The fruit attributes were measured at the 6 points on an equator of each sample where the spectral data were collected. The prediction models were developed using the original spectral data and the spectral data sets preprocessed by 20 methods. The performance of the models was compared. Results: In the prediction of SSC, the highest coefficient of determination (Rcv 2 ) values of the cross-validation was 0.755 (standard error of prediction, SEP=0.89°Brix) with the preprocessing of normalization with range in experiment 1. The highest coefficient of determination in the robustness tests, Rrt 2 =0.650 (SEP=1.03 °Brix), was found when the best model of experiment 3 was evaluated with the data set of experiment 2. The best Rcv 2 for the prediction of firmness was 0.715 (SEP=3.63 N) when no preprocessing was applied in experiment 1. The highest Rrt 2 was 0.404 (SEP=5.30 N) when the best model of experiment 3 was applied to the data set of experiment 1. Conclusions: From the test results, it can be concluded that the interactance mode of VIS/NIR spectroscopy technology has a great potential to measure SSC and firmness of thick-skinned muskmelons.
Introduction
Muskmelon (Cucumis melo L.) is one of the most widely consumed fruits around the world. In Korea, melon crops are generally grown during winter-spring season in greenhouses where environmental conditions for the crops are controlled precisely with high energy input. Owing to the high production cost of melons and the consumers preferring high quality fruits, the market price of melons is kept in a high level and is various based on the quality of fruits. Therefore, the grading process on harvested melons is essential.
In most of melon farms, harvested melons are graded by experienced inspectors into 3 to 5 levels according to their size, appearance, flavor, and taste. Since the grading level is dependent on the long-term experience of the inspectors and their subjective judgement, the manual grading process cannot ensure high accuracy and reliability. Moreover, the tests for estimating taste are conducted on some samples taken from harvested whole fruits by a destructive method. The manual grading process, which is labor-intensive, time-consuming, and inaccurate, cannot meet the requirements of a new type of on-line grading machine needed for high throughput, accuracy, reliability, and total inspection.
The key component of the on-line fruit grading machine is a sensing system that can measure fruit quality by a rapid, nondestructive way and is available for total inspection. Many researchers have explored the possibility of various sensing technologies to measure fruit quality in the on-line fruit grading machine: acoustic technology, dielectric property, X-ray technology, and near infrared (NIR) spectroscopy.
Acoustic technology has been applied to assess the internal quality of fruits since the early 1970s. When an acoustic wave is sent to fruits, the reflected or transmitted acoustic wave includes information on acoustic characteristics related to the physical and chemical properties of the fruits . By analyzing the acoustic characteristics such as attenuation coefficient, transmittance velocity, acoustic impedance, and natural frequency, the internal quality of the fruits can be estimated (Stone et al., 1996; Armstrong et al., 1997; Ozer et al., 1998; Sugiyama et al., 1998; Wang et al., 1999; Diezmalglesias et al., 2004; Jamal et al., 2005) .
Dielectric property of a fruit is the ability of the fruit to resist the formation of electric field in the fruit. When an electromagnetic wave is applied to a fruit, a current flows. The amount of total current flowing in the fruit is determined by both capacitive and conductive behaviors of the fruit. The capacitive behavior is frequency-dependent. It is dominated by polarization at low frequency and by dielectric relaxation at high frequency. The electrical conductivity of the fruit is another energy dissipation process through the fruit. This conduction can happen mainly from liquid ionic conduction due to dissolved electrolytes in the water phase of the fruit (Lee et al., 2007) . The polarization, relaxation, and conductivity can represent the physical and chemical properties of the fruit. Nelson et al. (2006 Nelson et al. ( , 2007 Nelson et al. ( , 2008 ) measured the dielectric property of honeydew melons, watermelon, and cantaloupe in a frequency range of 10 MHz -1.8 GHz using a network analyzer and investigated the relationship between the dielectric property and soluble solids content of the fruits.
X-ray emission wavelengths are related to the characteristics of atoms composing of a material. When fruits with different physical and chemical properties are exposed to the X-ray, all of the effects of the physical and chemical properties on the atomic composition are added up and become the total X-ray emission. Thus, the X-ray emission can reflect the properties of the fruits. Some researchers measured the internal defect and soluble solids content of fruits and vegetables using X-ray technology (Diener et al., 1970; Lammertyn et al., 2003; Tollner et al., 2005) .
NIR spectroscopy is a rapid, nondestructive technique to measure quality attributes of fruits and vegetables. When a light beam is illuminated to a fruit, an incident light beam is reflected, transmitted, or absorbed. The characteristics of each phenomenon can be different based on the physical and chemical attributes of the fruit . Thus, the physical and chemical properties of a fruit can be estimated by analyzing the reflected or transmitted spectra using multivariate statistics. NIR spectroscopy technique has been widely used to measure internal qualities of various fruits such as apple, pear, and kiwifruit (McGlone et al., 2007; Liu et al., 2008; Fan et al., 2009; Bobelyn et al., 2010) . However, there are some limitations in the application of NIR spectroscopy technique to large or thick-skinned fruits such as watermelons and muskmelons. To measure reliable reflected or transmitted spectra in those fruits, the power of light source should increase drastically and there needs a special care in the arrangement of a light source and a spectrometer probe. Recently, a new configuration (i.e. interactance mode) of a light source and a spectrometer, which is applicable to the fruits through which a light beam cannot penetrate easily, was introduced. In the interactance mode, a light source and a spectrometer are separated and located in some distance (2-5 cm). When a light beam hits on a fruit, some fraction of the incident light beam transmitting through the internal flesh can be detected by the spectrometer probe on the surface. Thus, this method can measure the spectral characteristics related to internal quality of the fruit with a low power consumption of the light source. There are no reports for predicting melon quality using NIR spectroscopy technology in interactance mode.
The major objective of this study was to investigate the potential of the interactance mode of VIS/NIR spectroscopy technology for predicting soluble solids content (SSC) and firmness of muskmelon. For this, twenty preprocessing methods were applied to the original spectra and then the calibration models for predicting SSC and firmness were tested. The model robustness was examined with the data sets of different harvesting seasons.
Materials and Methods

Melon samples
The experiments for collecting the spectral data of muskmelons were conducted three times in different harvesting seasons. Melon samples were taken from commercial greenhouses at Naju, Korea, in February through March, 2009 (experiment 1), June through July, 2009 (experiment 2), and March, 2010 (experiment 3) as shown in Table 1 . The numbers of samples used in experiments 1, 2, and 3 were 93, 104, and 60, respectively. The samples were kept in a laboratory at a room temperature (23-25℃) for 1 day before the experiments. The weight and diameter of each fruit were measured before spectral measurement and were ranged 1.0 -2.5 kg and 11.9 -17.5 cm, respectively. The SSC and firmness were measured by destructive methods right after spectrum measurement and were in ranges of 4.9 -14.2 °Brix and 6.5 -42.8 N, respectively.
Spectra measurements
Interactance spectra were measured at evenly distributed 6 points on an equator of each fruit using a miniature spectrometer (model: USB4000, Ocean Optics, FL, USA) equipped with a CCD array detector. An external light source was constructed with 4 tungsten-halogen lamps of 12 V/100 W (model: JCR, Ushio Inc., Japan) as shown in Figure 1 . The light emitted by each lamp was emerged into a single optical fiber using a 4 to 1 optical fiber junction so that the maximum power of the light source was close to 400 W. A convex lens was installed at the end of the light guide to focus lighting on a target point of a fruit sample. A collimating lens (model: UV-74, Ocean Optics, FL, USA) was set at the entrance of the optical fiber so that the light photons collected in a wider area could be transported to the spectrometer. The distance between the center of the incident light spot and the center of the collimating lens was maintained at 2 cm. The measurement range of the spectrometer was 400-1160 nm with a resolution of about 0.2 nm. The spectra were collected using the software provided by the manufacturer. The integration time was set to 100 ms in the software. To build calibration models, the spectra in a range of 475-1100 nm only were used because the spectra out of that range were too noisy. The spectra measured at the 6 points of each sample were averaged and then the mean spectrum was used as a representative one of each sample.
SSC and firmness measurements
For the measurement of SSC and firmness by destructive methods, an equatorial fruit slice with a 2 cm thickness was cut with a sharp knife. As shown in Figure 2 , the firmness of the flesh at the mid-width of the slice was measured by a texture analyzer (MultiTest 1-i, Mecmesin, UK) at the 6 points where the spectral data were collected. A cylindrical probe (8 mm O.D.) equipped at the texture analyzer was moved down into the fruit flesh at a loading speed of 24 mm/min to a depth of 15 mm (ASABE Standards s368.4). The maximum force was recorded as the fruit firmness. When the probe pressed the flesh tissue for firmness measurement, the squeezed juice was taken using a syringe and then the SSC of the juice was measured by a digital refractometer (PR-32α, Atago Co. Ltd., Japan). The SSC and firmness measured at the 6 points of each sample were averaged and the mean value was used as the representative SSC and firmness of each sample.
Data analysis
The calibration models for the estimation of SSC and firmness were built using partial least square (PLS) regression procedure. To reduce the noise introduced by background effects and other uncertainties, the original spectral data were preprocessed by 20 methods: i) normalization with mean, maximum, range, ii) multiplicative scatter correction (MSC), iii) standard normal variate (SNV), iv) median filter with 3, 5, 7 segment sizes, v) the first and the second derivatives of Savizky-Golay with 3, 5, 7 smoothing factors, and vi) the first and the second derivatives of Norris Gap with 3, 5, 7 sizes. The original spectral data set and the preprocessed spectral data sets were used to build the calibration models for the estimation of SSC and firmness. The performance of the models were evaluated by a coefficient of determination (R c 2 ) and a standard error (SEC) for calibration and a coefficient of determination (R cv   2 ) and a standard error (SEP) for crossvalidation. The PLS and model evaluation procedures were carried out using The Unscrambler (ver. 9.7, CAMO Process AS, Norway) software package.
Results and Discussion
Spectra measurements
The original spectra of fruit samples in experiments 1, 2, and 3 are shown in Figure 3 . The patterns of the spectral data sets with wavelengths in all experiments are very similar each other. The similar spectral pattern was also observed in the spectra of pear fruits measured in the interactance mode (Suh et al., 2011) . As Liu et al. (2010) and Suh et al. (2011) reported, we also believe that the high intensity level at 750-810 nm may be caused by the high SSC of fruits.
Calibration models for the prediction of SSC
For the prediction of SSC, the results of PLS calibration and cross validation with raw data and preprocessed data sets are shown in Tables 2, 3 , and 4 for experiments 1, 2, 3, respectively. As shown in tables, the results are quite different based on the preprocessing methods. In general, the preprocessing methods of normalization, MSC, SNV, and median filter contribute to improve the performance of the models. However, the Savitzky-Golay and Norris Gap derivatives do not. Some preprocessing methods made the results worse, compared to the results of the models using the original data set. The best models in experiments 1, 2, 3 are found when the data are preprocessed by normalization with range, SNV, and median filter with 5 smooth factors, respectively. The R cv 2 values of the best models in experiments 1, 2, and 3 are 0.755 (SEP=0.89 °Brix), 0.723 (SEP=0.88 °Brix), and 0.696 (SEP=1.20 °Brix), respectively. This prediction levels are slightly lower than those for the fruits with smooth and thin skin such as apple and pear (generally, R cv 2 =more than 0.8, SEP=below 0.5 °Brix). We think that light interference by unevenly distributed melon nets and thick skin might cause the capability of spectroscopic technology for the prediction of SSC low. The robustness of the best models selected in experiments 1, 2, 3 was tested. The performance of the models Figure 5 . Measured versus predicted SSC in the robustness test using the data set of experiment 3 for building the model and the data set of experiment 2 for validation.
was evaluated with the spectral data sets collected in the same cultivar and harvested area, but in different harvesting seasons (Table 1) . As shown in Table 5 , the models are generally lacking in robustness. The highest coefficient of determination in the robustness tests, R rt 2 =0.650 (SEP = 1.03 °Brix), was found when the best model of experiment 3 was evaluated with the data set of experiment 2.
One of the major limitations of spectroscopic technology with the analysis of spectral data by multivariate statistics is lacking in robustness of calibration models. Except for a main factor (i.e. SSC) to be considered in calibration models, other uncertain factors such as plant age, crop load, light effect, position in the plant and the greenhouse, nutrition variability, fruit age, seasonal variability can affect the characteristics of the spectra by changing the fruit morphology and microstructure (Penchaiya et al., 2009) . Some researchers reported that the prediction error can increase when a calibration model is applied to the data sets of different harvesting seasons and areas (Guthrie et al., 1998; Nicolari et al., 2007; Saeys et al., 2008) .
Calibration models for the prediction of firmness
In the prediction of firmness, the performance of the models with the preprocessed data sets is similar to or worse than that of the models with the raw data in all experiments (Tables 6, 7, 8) . As in the prediction of SSC, the preprocessing techniques of the Savitzky-Golay and Norris Gap derivatives are not useful for the prediction of firmness. The best models in experiments 1, 2, 3 are found at the raw data, the median filter preprocessing (7 and 3 smooth factors), respectively. The R cv 2 values of the best models in experiments 1, 2, and 3 are 0.715 (SEP= 3.63 N), 0.451 (SEP=3.11 N), and 0.443 (SEP=4.53 N), respectively. Table 9 shows the test results of the model robustness in the prediction of firmness. As in the model robustness for the prediction of SSC (Table 5) , the robustness of the models needs to be improved for the application of the calibration models to the data sets of different harvesting seasons. The highest R rt 2 is 0.404 (SEP=5.30 N) when the best model of experiment 3 is applied to the data set of experiment 1. The performance of the models for predicting fruit firmness (Tables 6-8) using VIS/NIR spectroscopy is worse than that for predicting SSC (Tables 2-4) in all experiments. Lu (2004) reported that this unsatisfactory result for predicting firmness might be caused by the measurement principle of a VIS/NIR spectrometer. When a light beam falls on a fruit, some fraction is reflected on the surface and the rest is absorbed or scattered into the fruit tissue by interacting with biological materials. The light absorption is related to chemical properties in the fruit such as sugar, acid, and water. On the other hand, the light scattering is affected by physical properties such as density and cell structure. A VIS/NIR spectrometer fundamentally measures the amount of light reflected from a sample, not the light scattered in the sample. Therefore, VIS/NIR spectroscopy technology may be limited to the measurement of physical properties such as firmness. Figure 6 . Measured versus predicted firmness of the best models in (a) experiment 1 with the raw data, (b) experiment 2 with the preprocessing of median filter (7 smooth factors), and (c) experiment 3 with the preprocessing of median filter (3 smooth factors). The interactance mode used in this study is a new trial for capturing both light absorption and light scattering information from fruit samples to predict both SSC and firmness simultaneously. This paper mainly focused on the VIS/NIR spectral data acquisition system and the calibration models using the data sets measured in the interactance mode. Some factors to be considered in designing a melon fruit grading machine using the interactance mode of VIS/NIR spectroscopy technology are discussed in the other paper (Suh et al, 2012) .
Conclusions
The potential of interactance mode of VIS/NIR spectroscopy technology for the estimation of SSC and firmness of muskmelons was investigated. The spectral data were preprocessed by 20 methods. In the prediction of SSC, the performance of the models using the preprocessed data was better than that using the original data. The highest R cv 2 was 0.755 (SEP=0.89 °Brix) with the preprocessing of normalization with range in experiment 1. The highest R rt 2 =0.650 (SEP=1.03 °Brix) was found when the best model of experiment 3 was evaluated with the data set of experiment 2. The preprocessing technique was not much useful for the prediction of firmness. The highest R cv 2 of 0.715 (SEP=3.63 N) was found when no preprocessing was applied in experiment 1. The highest R rt 2 is 0.404 (SEP=5.30 N) when the best model of experiment 3 is applied to the data set of experiment 1. From the test results, it can be concluded that the interactance mode of VIS/NIR spectroscopy technology has a great potential to measure SSC and firmness of thick-skinned muskmelons.
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